INTRODUCTION
Combining land and ocean surface air temperature data, the global mean air temperature increased by 0.85°C during the period 1880 to 2012. The single longest time-series data set available showed 0.78°C higher temperature during 2003 , relative to 1850 − 1900 (IPCC 2013 . There has also been a statistically significant increase in the global average land surface air temperature of 0. 75°C during 1906 to 2005 . This warming trend is due to increases of anthropogenic greenhouse gas concentrations, especially since the mid-20th century (IPCC 2013 , Xu et al. 2015 .
In high-latitude regions, temperatures have increased by 0.6°C decade −1 during the last 30 yr, double the global average (IPCC 2013) . This increasedet al. 2015) . The magnitude and speed of climate warming have been much greater in high latitude regions compared to lower latitudes (Rothrock et al. 1999 , Serreze et al. 2000 , Chapin et al. 2005 , Screen & Simmonds 2010 , Jeong et al. 2012 .
General circulation models (GCMs) are considered to be useful tools to evaluate past and present climate and to project future changes (Shackley et al. 1998 , Xia et al. 2014 . GCMs can therefore be applied to simulate surface air temperatures in cold regions such as central Asia, as well as arid and semiarid areas including parts of China and the United States (Xu & Xu 2012 , Guo et al. 2013 , Jiang and Wu 2013 , Sillmann et al. 2013 , Xia et al. 2014 , Wuebbles et al. 2014 .
Surface air temperature is regarded as one of the most significant variables affecting frozen ground changes. In general, Eurasia-defined here as including the former USSR and China, as in Zhong et al. (2018) -occupies about 33.45 × 10 6 km 2 , approximately 33.7% of the Northern Hemisphere's land surface ( Fig. 1, Table 1 ). This includes a large area of permafrost and seasonally frozen ground (Brown et al. 1998 , Zhang et al. 2003 . Permafrost exists at high latitudes and high elevations in Eurasia. Eastern and central Siberia are dominated by continuous permafrost. The area north of the Tibetan Plateau is underlain by discontinuous permafrost. In general, permafrost exists in sporadic, isolated, and relict patches, as one moves equatorward and to lower elevations. Summary statistics of permafrost areal ex tent ( Considerable changes are to be expected in the earth's frozen ground environments and these are likely to be particularly important in Eurasia, given its large extent of frozen ground. Surface air temperature is a direct and important variable driving and responding to these changes. Previous studies have not explicitly evaluated climate change in different frozen ground regions. Thus, assessing these surface air temperature changes is useful for identifying and assessing frozen ground conditions, and highlighting potential im prove ments for future modeling and mitigation efforts.
In this study, we investigate surface air temperature during the period 1850 to 2100 for Eurasia based on the output from 16 Coupled Model Intercomparison Project Phase 5 (CMIP5) models. The unique and novel contribution of our study is to quantify surface air temperature changes within the different permafrost zones of Eurasia and compare these changes to 168 Fig. 1 . Spatial distribution of permafrost over Eurasia, defined as the former USSR and China (Zhong et al. 2018 
DATA AND METHODS
We used monthly surface air temperature from the Climatic Research Unit (CRU) time-series (TS) 3.22 and from CMIP5, and the digital version of the International Permafrost Association (IPA) circum-arctic map of permafrost (Brown et al. 1998 , Zhang et al. 2003 .
Frozen ground map
Based on the IPA map, we identified permafrost areas in Eurasia. The permafrost categories evaluated here include continuous permafrost (CPF), discontinuous permafrost (DCPF), the combination of sporadic, isolated, and relict permafrost (SIRPF) areas; the remaining areas were categorized as nonpermafrost (NonPF). These categories were used to calculate the area extent of each permafrost type across Eurasia, as well as boundaries for quantifying surface air temperature changes in these regions.
CRU surface air temperature
The CRU v.3.22 TS data set of surface air temperature, developed by the University of East Anglia (https:// crudata.uea.ac.uk/cru/data/hrg/cru_ts_ 3.23), is composed of 1901−2013 monthly grids of observed climate data. It is provided at a horizontal latitude− longitude resolution of 0.5 × 0.5° and consists of surface air temperatures interpolated from meteorological stations across global land areas (Harris et al. 2014) . For model evaluation, gridded data sets are commonly used due to their gridded output, global spatial coverage, and representative scale (Sillmann et al. 2013) . The CRU surface air temperatures were used to determine the CMIP5 models' performance.
CMIP5 surface air temperature
To evaluate CMIP5 model projections of climate change in Eurasia, we used surface air temperature output from 16 CMIP5 models, developed by various international research institutes ( Each of these models has its own numerical implementations and parameterizations for dealing with frozen ground; see e.g. Oleson et al. (2013) for the technical description of the Community Land Model (CLM) used in NCAR's CCSM4. These model data sets also all use different spatial resolutions, but cover the same period from 1850 to 2100. We applied the output from 4 CMIP5 experiments: a historical experiment, 1850−2005, and 3 future emission scenarios for 2006−2100 (Taylor et al. 2012) . The 3 future scenarios are the representative concentration pathways (RCP) developed for the Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report (AR5) -specifically, RCP 2.6, RCP 4.5, and RCP 8.5. Each of these 4 experiments is characterized by different radiative forcing. The historical experiment is forced with observed atmospheric composition changes (Taylor et al. 2012) . The RCP 2.6 experiment represents a low level of forcing: before 2100, radiative forcing is 3 W m −2 at its peak, and declines to 2.6 W m −2 by 2100 (Van Vuuren et al. 2008 ). RCP 4.5 is a medium stabilization scenario reaching 4.5 W m −2 forcing in 2100, without exceeding or falling below that level (Thomson et al. 2011) . The radiative forcing of the RCP 8.5 scenario is 8.5 W m −2 in 2100, and corresponds to the highest greenhouse gas emissions associated with fast population growth and more energy use (Riahi et al. 2011 ).
Methods
For the model evaluation, we first re-regridded all CMIP5 model outputs and the CRU data set to a common resolution of 1 × 1° using a bilinear interpolation (Chen & Frauenfeld 2014) . We used basic statistical methods and error analysis to assess the CMIP5 surface air temperatures relative to CRU observations. We used mean error (ME), mean absolute error (MAE), root mean square error (RMSE), standard deviation of the error (SDE), and correlation (R). We also used a linear trend analysis to compare and estimate the long-term trends in monthly, seasonal, and annual temperatures over Eurasia during the 20th and 21st centuries. Using monthly surface air temperatures, we calculated the mean annual air temperature (MAT) based on the calendar year, and the mean seasonal air temperature (MSAT) for the 4 seasons, i.e. spring (March−May; MAM), summer (June− August; JJA), autumn (September−November; SON), and winter (December−February; DJF).
RESULTS

Surface air temperature evolution
To evaluate the 16 CMIP5 models' performance relative to the CRU observations, the period 1901− 2005 was extracted from the historical experiment. For that period, the ME ranged between −1.35 and 1.39°C, and was negative for 10 of the models (Table 3 ). The MAE of 12 models was less than 1.0°C, and 0.34°C for the ensemble average. RMSE of 10 models was less than 1.0°C. The smallest SDE is for the ensemble average of the CMIP5 models, 0.42°C. The largest correlation coefficient was 0.68, also for the ensemble average of the CMIP5 models.
To further evaluate CMIP5 surface air temperature compared to the CRU observations, we divided the historical period into 2 parts: the early 20th century (from 1901−1950) , and the late 20th century (from 1951− 2005) . MAT derived from the CRU data set was more variable than that derived from the CMIP5 ensemble (Fig. 2) . Large variations in MAT were found during the 1930s−1980s. After the late 1980s, we found a statistically significant correlation with observations in most CMIP5 models, and the ensemble CMIP5 converged towards the observations. The ensemble area-averaged MAT had a statistically significant correlation of 0.68 with observations during the Multi-model ensemble area-averaging is a common approach to evaluate model output, be cause it is thought to reduce noise in the projections (Chen & Frauenfeld 2014) . However, individual models were also evaluated (Fig. 3) . Agreement between individual CMIP5 models and observations varied among seasons. All 16 models showed good agreement with CRU summer data, based on statistically significant (95% level) correlations. Overall, 10 models cor related well with CRU in both spring and autumn. However, only 7 models ex hibited significant correlations with ob servations in winter. Among the 16 models, only MIROC-ESM-CHEM, MPI-ESM-MR, bcc-csm-1-1-m, and bcc-csm-1-1 showed consistent, good agreement with CRU in all 4 seasons. All models but one have a positive winter temperature bias. This indicates that models project more warming in winter, which is opposite to the other 3 seasons for most models.
Changes of surface air temperature in the historical period
The spatial variation of MAT derived from CRU and CMIP5 ensemble averages during 1971−2000 shows that the warmest regions are in the southeast of China, and the coldest in the north of Siberia (Fig. 4) . MATs less than −4°C are mainly located in central and eastern Siberia and the Tibetan Plateau. Spatial MAT patterns from the historical ensemble CMIP5 data set are similar to those from the CRU data, but there are notable differences. We observed a strong cold bias across Eurasia, indicating that multimodel ensemble averages underestimate MAT. The bias is warm in the west and northeast of Siberia, suggesting overestimated temperatures in these regions. The warming trend of CRU and ensemble averages is statistically significant across the vast majority of Eurasia. The largest MAT trends derived from the CRU data set occur between 40−60° N at a rate ranging between 0.09 and 0.24°C decade −1
. Spatial patterns of MAT trends derived from ensemble averages exhibit substantial disagreement with the observations. The CMIP5 ensemble average MAT trend captures the fastest warming that appeared in the Arctic area of Eurasia. Accounting for the differences in the MAT trend, this suggests that the multimodel ensemble average overestimates the warming trend in southern and northern Eurasia, and underestimates the warming trend in other regions. In addition to MAT changes, we also analyzed seasonal changes of surface air temperature (Figs. 5 & 6) . The spatial variation of MSAT derived from CRU and CMIP5 ensemble averages are similar in the 4 seasons (Fig. 5) . Colder regions are mainly located in the Tibetan Plateau and central and eastern Siberia, while warmer regions occupy southeast China. The differences of MSAT in the 4 seasons are negative in most parts of Eurasia. It is notable that MSAT differences are relatively larger on the Tibetan Plateau, which indicates that the multi-model ensemble averages underestimate surface air temperature. However, differences are positive in the northeast of Eurasia, indicating overestimation of surface air temperature. Fig. 6 shows the spatial trends of MSAT derived from CRU and CMIP5 ensemble averages. A warming trend is evident across most of the Eurasian land surface. In the CRU data set, a faster warming trend is found in spring and winter than in fall and summer. Especially in winter, the warming rate is greater than 0.2°C decade −1 in some areas. The warming rate ranges between 0.0−0.1°C decade −1 across most of the land surface in spring, summer, and autumn. However, a warming rate of 0.1−0.2°C decade −1 occurs in winter. The differences in the MSAT trend are negative, suggesting that the MSAT derived from CRU is lower than from the CMIP5 ensemble averages across Eurasia.
Projected surface air temperature changes
Over the whole of Eurasia, time-series of ensemble area-averaged MAT from CMIP5 are statistically significant, increasing at 0.074°C decade −1 during 1850− 2005, and 0.078°C decade −1 for RCP 2.6, 0.72°C (Fig. 7) . The increase of ensemble area-averaged mean surface temperatures for 2081−2100 relative to 1986−2005 is projected to likely be 1.68°C (RCP 2.6), 3.18°C (RCP 4.5), or 6.41°C (RCP 8.5).
To investigate projected MAT changes, we examined the spatial pattern of MAT in the 3 RCPs, and compared differences to the historical experiment (Fig. 8) . The spatial pattern of MAT is consistent among the 3 RCPs: temperatures increase with increasing latitude and decreasing elevation. The coldest regions are on the Tibetan Plateau, and central and eastern Siberia. The differences between RCPs and the historical experiment were positive over Eurasia, which indicates a warming climate in the future. Due to its low radiative forcing, the RCP 2.6 experiment projects the smallest increase, mainly less than 2°C. The RCP 4.5 and RCP 8.5 experiments project faster temperature increases, ranging 2−3°C, but also exceeding 3°C. The spatial patterns of MAT trends derived from the CMIP5 ensemble in the 3 RCP experiments during 2006− 2100 are similar. The trends of surface air temperature increase from RCP 2.6 to RCP 8.5. The rates of increase in RCP 2.6, 4.5, and 8.5 were mostly < 0.1, between 0.2−0.3, and > 0.4°C decade −1 , respectively. 
Surface air temperature changes in frozen ground regions
To investigate and quantify surface air temperature change in different frozen ground regions, we divided Eurasia into CPF, DCPF, SIRPF, and NonPF regions. We calculated the time-series of ensemble area-averaged MAT in these regions during 1850− 2100 in the 4 experiments (Fig. 9, Table 4 ). There is a statistically significant increasing trend in the MAT anomalies for the 4 experiments. In the historical experiment, we found a gradual increase in MAT from 1850−2005 at a rate of 0.10°C decade −1 in CPF, 0.072°C decade −1 in DCPF, 0.064°C decade −1 in SIRPF, and 0.062°C decade −1 in NonPF regions. The RCP 2.6 scenario projected an increase in MAT at a rate of 0.10, 0.075, 0.068, and 0.07°C decade −1 in CPF, DCPF, SIRPF, and NonPF regions, respectively. The in CPF, DCPF, SIRPF, and NonPF regions, respectively. For all 4 RCP experiments, we found that fastest to slowest rates of increase, in order, are CPF, DCPF, SIRPF, and the NonPF regions.
DISCUSSION
One of the goals of our study was to evaluate CMIP5 model performance in simulating surface air temperature relative to the CRU observational data set. In the early 20th century, the correlation between multimodel ensemble averages and CRU was only 0.49, which is lower than the 0.67 we found for the late 20th century. This is likely due to the number of observing stations increasing over time, improving data quality in the late 20th century, and also due to improvements in CMIP5 model simulations (Zhao et al. 2014) . Although GCMs are a useful method to simulate past and projected climate change at a large or global scale, with many improvements in the past, there are still uncertainties. To reduce the uncertainties and improve climate change simulations, dynamical (Giorgi et al. 2009 ) and statistical downscaling techniques can be useful to improve the resolution. Regional climate models (RCMs) are widely used in downscaling GCM projections to the regional scale. Typically, compared to the driving GCMs, the RCMs not only show more detailed geographical features, but also provide an improved representation of the large-scale patterns (Gao & Giorgi 2017) . Especially regions such as Eurasia, underlain by frozen ground with extensive snow cover, need improved and detailed physical processes to simulate surface air temperature. More generally, increased development and testing of coupled atmosphere− ocean− cryosphere RCMs are necessary to better describe the complex and highly non-linear interactions between climate and the cryosphere, to enhance the reliability of climate projections in cold regions (Giorgi & Gao 2018) . Interestingly, the warming rate is different for different land−surface types (Table 5) (Zhou & Yu 2006) . Greater warming trends were found for the Arctic.
Compared with these previous studies, our results of 0.14°C decade −1 warming show a slightly higher warming rate for Eurasia than for the Northern Hemisphere and the global region, but lower than in the Arctic. The greater warming in Eurasia is likely because, in general, large areas of Eurasia are in high latitudes, and some at very high elevations. Previous studies have indicated that high latitude warming is greater due to the ice-albedo feedback mechanism (e.g. Serreze & Francis 2006 , Bekryaev et al. 2010 . Furthermore, research has suggested that high elevation regions experienced faster warming rates, referred to as elevation-dependent warming (EDW; Pepin et al. 2015) . Pepin et al. (2015) also indicated important mechanisms such as snow albedo feedbacks, surface-based feedbacks, water vapor changes, and latent heat release, all contributing to EDW. Much of Eurasia is covered by frozen ground (Fig. 1, Table1) . Zhong et al. (2014) suggested that Eurasia is the primary snow region in the Northern Hemisphere, and accounts for 60−65% of all winter snow. The snow-covered period lasts for 8 mo in Arctic Russia (Parkinson 2006 , Bulygina et al. 2009 ). The cryosphere, a component of the global climate system, plays an important role in the energy exchange and the hydrologic cycle at the land surface. Further, it is often considered a global climate change indicator due to its key components of snow, glaciers, sea/ lake/ river ice, and frozen ground. The most sensitive components are permafrost and snow, in comparison with other land surface elements. The cryosphere is not only a climate indicator, but also an amplifier of climatic warming. The degree and rate of climate change in cryospheric regions are generally greater and faster than in other regions. Furthermore, changes in the cryosphere result in positive feedbacks with climate, enhancing warming (Cheng 1996 , Allison et al. 2001 , Li et al. 2008 , IPCC 2013 . In our study, we found that the warming rate of surface air temperature in permafrost regions is faster than in non-permafrost regions. 
CONCLUSIONS
This study evaluated the performance of 16 CMIP5 models in simulating surface air temperature variability over Eurasia during the 20th century with respect to CRU observations. For seasonal and annual mean temperatures, CMIP5 shows substantial cold biases over the Tibetan Plateau, especially in the cold season. Some warm bias occurs in the northwest of Eurasia. In the late 20th century, the CMIP5 ensemble averages show slightly better agreement than in the early 20th century. Both CMIP5 ensemble averages and CRU observations demonstrate climate warming over the 20th century, with accelerated warming during the late 20th century.
The future temperature projections for Eurasia indicate that the RCP 8.5, RCP 4.5 and RCP 2.6 scenarios exhibit statistically significant increases in annual temperature during the 21st century at a rate of 0.72, 0.230 and 0.078°C decade −1 during 2006− 2100, respectively. The increase of regional-scale mean surface temperatures for 2081−2100 relative to 1986−2005 is projected to be 1.68°C (RCP 2.6), 3.18°C (RCP 4.5), or 6.41°C (RCP 8.5). Surface air temperature changes in frozen ground regions demonstrated that the fastest increases occur in the CPF regions, next in DCPF regions, followed by SIRPF regions, with lowest warming in NonPF regions for each RCP scenario.
